We present a novel model for a time series of individual binary decisions which depends on the history of prices. The model is based on the Bayesian learning procedure which is at the core of sequential decision making.
Introduction
Households repeatedly face the decision to switch between many different types of contracts and tariffs, including electricity contracts (Goett et al. (2000) ; Juliusson et al. (2007) ), internet services (Lambrecht et al. (2007) ), telephone services (Miravete (2002) ; Braun and Schweidel (2011) ) and mortgage rates (Dhillon et al. (1987) ; Campbell and Cocco (2003) ). Typically, these choices involve deciding whether to remain on the current contract, or to switch to another, possibly more beneficial, contract. Analysing these choices is important from an economic perspective as it provides insights into the precise nature of the household's decision making, how they process the information available to them and how their decision depends on their current situation. The financial implications of the choices are important for individual customers and retailers (Lambrecht and * The authors would like to thank David Granlund, Bertrand Koebel and seminar participants at The Economic Policy Network for helpful comments and suggestions in the far future, further complicating the (understanding of the) decision process. As a result, households may abstain from switching between contracts, even if prices ex-post may appear to be in favour of frequent switching. This is true for electricity contracts and most other similar contract choices. Indeed, consumers have been shown to choose seemingly sub-optimally in many ways, including making choices too infrequently (e.g., electricity retailer choice; Wilson and Price (2010) ), and tending to stick with the unfavourable (to them) default choices (Benartzi and Thaler (2007) ; Fowlie et al. (2015) ). The literature on the so-called flat-rate bias, where consumers tend to choose flat-rate contracts when per-use contracts would be better, may be yet another indication of the complexity of these type of choices. For example, Miravete (2002 Miravete ( , 2003 studies the theoretical and econometric implications of agents facing uncertainty concerning their future consumption of telephone services, where the uncertainty is resolved through individual and privately known shocks. He finds that consumers switch between tariff options with the explicit goal of minimizing the cost of their service, and they do so in the short term and in response to small differences in billing cost. However, beliefs may be biased, and consumers often choose and retain the wrong tariff. Similarly, Vigna and Malmendier (2006) present evidence that biased beliefs about future behaviour best explain the flat-rate bias for health clubs. This bias also explored in Goettler and Clay (2011) , who propose a Bayesian learning model of tariff and usage choice in the online grocer market, and illustrate how their model explains this bias even for rational consumers. Lambrecht et al. (2007) find both flat-rate bias and pay-per-use bias in the context of internet access, and find evidence that the underestimation of usage is a major cause of the pay-per-use bias.
For the case of switching between electricity contracts, descriptive statistics from public data suggest that the response to prices by switching between contracts is not obvious (SCB (2014) ).
Rather, as is illustrated in Figure 1 , even though the price differential between variable-price and fixed-price contracts has varied substantially during the last ten years, few households switch between contracts in the short run. In particular, prices are much more variable than the share of households on each type of contract.
1
Previous literature on determinants of electricity contract choice is limited, and relies on the stated preference approach. Juliusson et al. (2007) explore how loss aversion and beliefs about future price volatility affect the probability to select a variable-price contract, and find a negative effect for both. Goett et al. (2000) explore the willingness-to-pay for electricity contract attributes, and find that households are willing to pay a small premium (0.008 USD per kWh) to avoid seasonal price variability. There is also some literature on the choice of electricity retailer (see, for example, Number of Swedish households on each type of contract and price per kWh Note: Oneöre (0.01 SEK) is roughly 0.001 Euro. Fixed-price contract refers to contracts with prices fixed for a year or longer (typically up to three years), and variable-price contract refers to contracts with prices varying by month.
In addition to the price per kWh, households pay for transmission, green certificate and taxes. These costs (which are not included in the figure above) amounts to roughly 50öre/kWh, plus a fixed annual transmission fee varying between 1500 and 15000 SEK depending on the required amperage. These additional costs are identical for both type of contracts. The two vertical lines at June 2010 and February 2012 represents the time period during which households in the sample start their variable-price contract, as explained in Section 3. The households in the sample are then followed over time until June 2014. Ek and Söderholm (2008) and Ericson (2011) ), but it is unclear how the findings in that literature translate into or relate to the decision to switch between electricity contracts.
In this paper, we explore households' decision to switch between electricity contracts in response to current and previous prices. More specifically, we explore the decision to either remain on a variable-price contract or to switch to a fixed-price contract.
2 In particular, we are interested in how sensitive the timing of transition away from the variable-price contract is to current and past prices. To that effect, we propose a model for time series of binary decisions which allow for the dependence on the history of prices. Specifically, our model is based on the Bayesian learning procedure which is at the core of sequential decision making. This allows us to capture dependence on a potentially long sequence of information, whereas a simpler logit specification with lagged prices would require the estimation of a large number of parameters to capture this dependence.
The proposed model differs from the much of previous literature on consumer learning (see, for example, Ching et al. (2013) for a literature review). In particular, that literature is often interested in understanding how consumers with imperfect information about contract attributes learn about, e.g., quality, whereas we are interested in a choice where the quality is the same for both contracts but where households are trying to learn which contract that is most preferable to the household.
In short, we find that households do respond to prices by switching between contracts, and that the response varies substantially across price histories experienced by households. Further, we illustrate how the response can be rather substantial for alternative price differential processes.
Although the proposed model includes many different parameters and the parameter estimates are not straight-forward to interpret, we illustrate how the results are easily summarized using survival functions.
The contribution of this paper is twofold: first, from an econometric perspective, our model illustrates a novel and relatively straight-forward way of modelling the sensitivity of decision making to new information, conditional on a history of information, and how this can be useful to understand complex decision making. Secondly, as far as we are aware, electricity contract choice is usually not studied using revealed preference approaches where households respond to actual prices. The insights that are generated are important in order to understand household behaviour, and are useful for both retailers and policy makers. While we estimate our model using data on electricity contracts, we argue that both the empirical approach, as well as the findings, are generalizable to other choices.
The rest of this paper is structured as follows: Section 2 describes the empirical model where households update their beliefs about the state of the world as new information becomes available.
Section 3 describes the data used to estimate the model. Estimation and results are presented in Section 4, and Section 5 concludes.
Empirical model
We wish to model the probability to remain on a variable-price contract at time t against the decision to switch to a fixed price contract given all the information available until then. That is, we propose a model for the conditional probability of the decision D t = 1 to remain with a variable-price contract at time t:
given a set of initial household and dwelling characteristics z 0 and a history of information accumulated up to time t, X t . We interpret this probability as the proportion of households remaining with a variable-price contract at the end of period t among all households with a variable-price contract since t = 1 who have experienced, for example, a history of price differentials (in the current paper the log of the variable price divided by the fixed price) X t since the end of period t = 0 when their variable-price contract started. In our binary context, the probability to switch to a fixed price contract is simply:
For the Swedish retailer market, switching between contracts should not affect electricity consumption levels by any significant amount. First, the only differences between a variable-price contract and a fixed-price contract are the price and the price variability, and relative to the contracts offered in the US, for example, the Swedish contracts do not contain contract-specific attributes such as the increasing block-rate pricing schemes typically found in the US. Second, to a large extent, electricity consumption is determined by temperature and daylight seasonality 3 together with the number and efficiency levels of the appliances used by the household; the former is obviously common to all contracts within broad regions, and the latter is typically fixed in the short run. See, for example, Vesterberg and Kiran B Krishnamurthy (2016) for a detailed description of residential electricity demand in Sweden. Indeed, previous literature on electricity demand typically finds the demand to be inelastic (see, for example, Brännlund et al. (2007) and Krishnamurthy and Kriström (2015) for Sweden). By comparison, the response to outdoor temperature is expected to be substantial, given that heating is by far the largest share of total electricity consumption for most villas in Sweden (Vesterberg and Kiran B Krishnamurthy (2016) ). Overall, electricity consumption is believed to be unaffected by the type of contract, and therefore the expenditure variation after a contract switch mostly reflects the price differential. This allows us to model the choice of remaining on a variable-price contract or switch as separate from the choice of how much electricity to consume Further, we note that the switching costs associated with switching from a variable-price contract to a fixed-price contract should be relatively small. First, households on variable-price contracts are free to switch to a fixed-price contract at any time, and switching in this direction involves no monetary switching costs. In comparison, households on fixed-price contracts have agreed to remain on this contract for the contract period, and typically needs to pay a penalty fee if they wish to cancel their contract in advance. Second, retailers typically offer comprehensive information 3 Sweden's territory is located in the upper half of the northern hemisphere, between N55
• and N70
• latitude north. By comparison New York's latitude is N40.7
• , Anchorage is N61.2 • , while Stockholm and Umeå are respectively N59.3
• and N63.8
• . Temperatures and daylight hours are therefore very variable over the year and between the north and the south of Sweden.
-7-about prices and how to switch contract on their website. Similarly, the Swedish energy market inspectorate offers similar information on their website (see www.elpriskollen.se).
We assume that households understand that the state of the world is binary: in the first case, S = 1, a variable-price contract is preferable to a fixed-price contract, and S = 0 if instead the fixed price contract is preferable to the flexible price contract. Households are however are not generally able to identify with certainty the state of the world which describes the data generating process.
To form their opinion about the state of the world, households consider the realisation x t , of a process X t , which provides some information about the state of the world, S, at time t. In our application, x t measures the de-seasonalized price differential between the variable-price and the fixed-price electricity unit price at time t.
4 While the current realisation of x t is informative about the state of the world, knowing x t given the history of realisations so far is not necessarily enough to identify the state of word exactly. Given X t−1 , the observed history of the realisations of the exogenous process X t since t = 0 up to time t − 1, observing x t is not sufficient to decide whether S = 0 or S = 1 with probability 1. We build our empirical model on the following intuition: given the costs and benefits of each type of contract, the household will decide to switch to a fixed-price contract if the evidence against the state of the world, S = 1, where the variable price is preferable, is strong enough.
In the next sections, we first discuss the issue of signal extraction, i.e. determining the the state of the world given the evidence available . We then propose a model for the probability of a decision to stay or leave a flexible price contract given the evidence available.
Belief Update
To simplify, we assume that the history X t provides households with information about the state of the world (i.e., the sign and magnitude of the expected price differential or its variance) and that, all other things equal, households base their decision in each period on the odds of the state of the world given the history of information so far. We assume that households incorporate new evidence into the odds (the ratio of the probabilities of each state of the world) by following the logic of Bayesian updating, see DeGroot (2005) . This relates the posterior odds of S = 1 against S = 0 at time t given the history of observations so far, some initial conditions, z 0 , and an initial value of the initial odds, o 0 , to the product of the prior odds given the observation history until time t − 1 for the same two events and the likelihood ratio arising from the information revealed at time t by the observation of x t :
According to this scheme, today's odds of the state of the world given the history of the realisations of the exogenous process, X t , is expressed as the product of two terms: the first is the odds for the state of the world given the accumulated evidence up to time t, while the second term is the ratio of the conditional probabilities of the current realisation of the exogenous process in either state of the world. The second term therefore captures the relative information contained in
x t about the current state of the world, while the first term measures the relative strength of the household's belief in favour of one or the other state of the world.
If the prior odds at time t are equal to the posterior odds obtained in period t − 1 after experiencing the information available in t − 1, x t−1 , the relationship between prior and posterior odds allows us to characterise the dynamic of the posterior odds as a function of past evidence. In this case, the dynamic of the log-odds satisfies the relationship:
where o t stands for the posterior odds in the previous expression, while λ t stands for the likelihood ratio, i.e. the ratio of the probabilities of the realisation of x t given either state of the world. The initial log odds, ln o 0 , is assumed given. Since the household has chosen a variable-price contract, ln o 0 should be consistent with this choice and we expect ln o 0 to be large and positive.
In this form, the dynamic of the log odds is that of a random walk where ln λ t plays the role of an innovation and captures the effect of new information contained in x t on the posterior log odds in t. If λ t > 1 then S = 1 appears more likely than it was in t − 1 while if λ t < 1 then S = 0 appears more likely than it was in t − 1. Clearly, we can rewrite the log odds at time t as the sum of log likelihood ratios and of the initial log odds:
An important aspect of the Bayesian information updating scheme is that it provides a natural way to aggregate the information contained in X t , i.e., provided we know the form of the likelihood ratio, a potentially long sequence of information is summarised completely in the sum of the loglikelihood ratios.
The assumption concerning the relationship between posterior odds at time t − 1 and prior odds at time t about the state of the world is convenient because of its simplicity. However, because of the random walk structure of the evolution in time of the log-odds, it implies that information acquired some time in the past and information acquired more recently will contribute identically to today's posterior log odds. This may not be a feature of observed information acquiring behaviour. Rather, we may expect recent and distant information to affect today's posterior odds differentially.
way to achieve this is to assume that the prior odds at time t are obtained as a simple transformation of the posterior odds obtained after observing all available information at time t − 1:
posterior odds at time t−1 κ 1
where κ 0 and κ 1 are parameters. The transformation of posterior beliefs concerning the state of the world at time t − 1 into a state of the world at time t is crucial here; without it, we would not be able to characterise the manner in which information accumulates. This assumes that posterior beliefs are modified into prior beliefs by modifying the odds. The LHS of Equation (5) is well behaved, i.e., it takes non-negative values if the input into the power transformation on the RHS can be interpreted as odds.
In particular, Equation (5) modifies the dynamic of the log odds given in (3 ) to:
and the dynamic of accumulation of information takes the form of autoregressive process of order 1. Hence, a new realisation of x t adds to the evidence, in the form of ln λ t , to the prior log odds,
The previous expression describes how, starting from the initial odds, the past information accumulates into today's odds depending on the parameters κ 0 and κ 1 5 :
Clearly, the contribution of past information to today's odds decays whenever |κ 1 | < 1. Alternatively, if |κ 1 | > 1, the further in the past an observation the larger its relative weight compared to more recent evidence. Finally, we observe that the dynamic of the log odds introduces a deterministic evolution in time determined by
(which is linear whenever κ = 1).
Decision Probabilities
To describe household behaviour, we assume that in the population, the proportion of households that decide to remain with the variable-price contract, given the initial conditions and the evidence accumulated so far, Pr[D t = 1|X t , t, z 0 , o 0 ], satisfies a logit specification:
5 when κ0 = 0 and κ1 → 1 this expression agrees with equation (4) where π 0 and π 1 are parameters which describe the sensitivity of the decision to remain with the variable-price contract on the posterior odds of the state of the world given the information observed at time t. This model is useful since the dependence on the history of the evidence experienced so far is aggregated into ln o t as described in equation (7). The aggregation of information depends on the exact expression of the log likelihood ratio as well as on the parameters κ 1 and κ 0 . While we expect π 1 to be positive, we have no clear view on its exact magnitude. If both states of the world have equal posterior probabilities, so that ln o t = 0, the average proportion of exits from variable-price contract is simply {1 + exp(−z 0 π 0 )} −1 .
This formulation arises naturally in the context of a conventional decision theoretical framework where the expected costs of each decision, to stay with the variable-price contract or to switch to a fixed-price contract, depends on the state of the world. Denote C(D = 1|S = 1, z 0 , t),
and C(D = 0|S = 0, z 0 , t) the expected costs of the decision to stay or leave given either state of the world for some individual with a variable-price contract living in a dwelling with characteristics z 0 . Assume moreover that decision makers choose the option which minimises their expected cost given the information accumulated so far.
Therefore the decision to remain with the variable-price contract is optimal at time t if:
, staying with a variable-price contract is optimal if:
Assume furthermore that, for household i, the log ratio of the cost differences at time t depends on the initial characteristics of the household and of the dwelling, z i0 , and on some idiosyncratic unobserved component specific to household i at time t, it , so that:
Given all information available at time t, we assume finally that the unobserved component it is identically and independently distributed across all individuals according to a logistic distribution given χ t , t, z i0 , o 0 . Under such conditions, the proportion of individuals in the population who stay with a variable-price contract satisfy the logit specification we set out in Equation (8).
We can provide a set of primitive modeling assumptions on the cost differences which generate precisely this model. Assume that for household i at time t, given the information available then the differences in the conditional expected cost function are of the form:
where the vector of parameters φ and ψ k , k = 0, 1, are conformable with the dimension of the vector of initial characteristics z i0 . u i is a household specific and time invariant unobserved component.
Assuming furthermore that the unobserved components η i0t and η i1t are identically and independently distributed according to an extreme value Gumbel distribution across decisions, states of the world and individuals. The log ratio of the cost differences takes the form −z i0
) which satisfies Equation (9), and the distributional assumptions imply that the dif-
is distributed according to a logistic distribution. We are therefore able to identify
Finally, we can not recover any information about the vector of parameters φ or about the individual specific effect u i , in other words we are not able to identify the household specific scale factor that is common to both cost differences, i.e. exp(z i0
Therefore in general the analysis of the decision to switch between contract will not be informative about all aspects of the costs functions, but only about the characteristics which determine relative changes in their differences.
Given the initial characteristics z 0 , the initial odds o 0 and the specification for λ t as a function of x t and t, Equation (8) describes completely the dynamic of the probabilities to switch between contract as new information is revealed. This expression therefore assumes that if the log-odds favours the state of the world where the variable-price contract is preferable to the fixed-price contract, i.e., when ln o t is positive, then the probability to remain with the variable-price contract is larger than if the evidence so far supports the state of the world where it is the fixed-price contract that is preferable, i.e., such that ln o t is negative.
This specification implies a simple relationship, in terms of log-odds once more, between the proportion of households in the population who keep the variable-price contract and the history of past information:
which we can restate as:
Hence, the model suggests that the evolution of the log-odds for the proportion of households keeping a variable-price contract is comparable to the dynamic of the posterior log-odds that the fixed-price contract is preferable: the auto-regression parameter is κ 1 in both cases, and the innovation arises in both cases from the information revealed at time t through the likelihood ratio λ t . Finally, the elasticity of the proportion in the population with a variable-price contract that chooses to change contract at time t, η P 0 |x t , in response to the log price differential x t given the accumulated evidence contained in X t−1 takes the form:
where η λ|x t is the elasticity of the likelihood ratio w.r.t. the information x t . In the absence of unobserved heterogeneity in the initial odds o 0 among households, the expression simplifies to:
In general, the elasticity depends both on the history of past informations X t−1 and on t for a given value of the current information, x t . In particular, the model suggest that distinct households will react differently to a realisation of the information at time t if they experienced a distinct history of information and/or if they have kept the variable-price contract for distinct durations.
Univariate Homoscedastic Information
To operationalise the model, assume that given x t−1 , households believe that, conditional on the past and the state of the world, x t is generated by a autoregressive model with normal innovations so that 6 :
such that the mean of the process as well as the parameter of autoregression depends on the state of the world. In our context while it may be sensible to assume that if the state of the world is S = 0, µ + is positive, while if S = 1 then µ − is negative this is not required.
Thanks to the normality assumption, the likelihood ratio for the observation of x t given the history of realisations of the process, X t−1 , takes the form:
6 Hence the model we develop here is not assuming that households necessarily consider or believe in the "true" model that generates the data. A more advanced theory would integrate a search through possible models.
The recent evidence, x t , favours S t = 1 (in the sense that it increases the posterior odds that S t = 1) if i) x t is small enough when ∆ρ x t−1 + ∆µ > 0, i.e., x t ≤ ρx t−1 +μ, since in that case ln λ t ≥ 0; or ii) if x t is larger than ρx t−1 +μ, whenever ∆ρ x t−1 +∆µ < 0. Although the log likelihood ratio response to the current realisation of the information depends on the past realisations, the weight of evidence in favour of staying with the variable-price contract increases as long as ln λ t is positive. Figure 2 illustrates how the sign of the likelihood ratio vary across the (x t−1 , x t ) plane for two distinct configurations of the parameters. Observe that the regions of the plane (x t−1 , x t ) such that the log likelihood ratio is positive, i.e., the current observation supports the state of the world where the variable price is cheaper, can vary markedly depending on the parameter values. Sign of Log Likelihood Ratio, eq. (15) ∆ρ > 0 andρ > 0. The expression of the elasticity of the likelihood ratio w.r.t x t 7 provides an alternative understanding of the effect of the current information on the probability to stay on a variable-price contract:
Hence, the elasticity of the likelihood ratio w.r.t. x t is positive if ∆ρ x t−1 + ∆µ is negative, and it is positive otherwise. The response of the likelihood ratio is independent of the current information:
it increases whenever ∆ρx t−1 < −∆µ and decreases otherwise. Moreover, it is possible to find a 7 We think of xt as the log price differential.
couple of observations (x t−1 , x t ) for which the elasticity η λ|x t is negative and the log-likelihood ratio is positive.
Finally, in the special case where ∆ρ = 0 and ∆µ > 0, where the autoregressive parameter is identical in the two states of the world and the price differential is negative when the flexible price is preferable and positive otherwise, the log likelihood ratio decreases with larger values of x t . That is, the larger the value of x t , the larger the evidence against the state where the variable price is preferable to the fixed price on average. Clearly, our analysis shows that this behaviour is the general case even in the homoscedastic case.
Univariate Heteroscedastic Information
We can extend the previous specification and assume that households believe that the conditional variances of the innovation depend on the state of the world: The log likelihood ratio is:
-15-which can be expanded into the following expression for the log likelihood ratio at time t:
where ∆[
− for j, k = 0, 1, 2 . Observe moreover that while ∆[ µ σ 2 ] is always positive if we assume µ + > 0 > µ − , the signs of the other terms ∆[ The log-likelihood ratio at time t, and therefore the sum of log-likelihood ratios, does no longer respond to x t in a monotone fashion since:
If ∆[
, that is, households believe that the price differential is more variable when the average price differential is positive, the log likelihood ratio increases whenever
Hence, in this case, only a large enough x t increases the log-likelihood ratio and therefore reduces the probability to leave the variable-price contract.
] lead to larger log-likelihood ratio. Clearly, if
we recover the results obtained in the homoscedastic case. Figure 4 describes two examples of the behaviour of the log odds ln o 2 , assuming that the log likelihood ratio takes the form given in equation (2.4), after three realisations of x t for two distinct parametrisations. The first two realisations are set at x 0 = 0 and x 1 = −1 while x 2 is allowed to vary over the range (−3, 2). The figure illustrates the fact that the log odds can be positive (or negative) and yet display either a positive or a negative slope relative to x 2 . For x 2 = −3, ln o 2 is positive for both parametrisations, but in one case the log odds is an increasing function of x 2 at that point whereas in the other case the log odds is a decreasing function of x 2 . Similarly, for
x 2 = 1.5, both log odds are negative, and in one case the log odds is increasing at that point while in the other case it is decreasing.
8 When σ− < σ+, the quantity ln(
σ 2 ] is always positive. 9 The intersection between the two intervals is empty if ln(
Hence, a new realisation of x t adds to evidence, in the form of ln λ t , to the prior log odds κ 0 + κ 1 ln o t−1 . For some values of x t , the added information increases the log odds. It is likely, however, that there are alternative values such that the log-likelihood ratio, and therefore the log odds, can reach even higher levels. If such a value is to the right of the realised x t , then the log odds will be increasing with x t . If, on the other hand, it is to the left of the realised value, the log odds will be decreasing. However, the probability to keep a variable-price contract increases whenever a new realisation of x t increases the log odds, ln o t , which arises if and only if ln λ t > 0.
As we have seen in our analysis above, realisations of x t such that ln λ t > 0 can take place whether η λ|x > 0 or η λ|x < 0. Log Odds, ln o2 for x0 = 0, x1 = −1, eq. (4) Note: Assuming that the first two realisations are x0 = 0 and x1 = −1, the figure shows how the log odds ln o2, changes with x2. The other parameters to define the two curves are: µ− = −0.1, µ+ = 0.1, ρ− = 0.6, and ρ+ = 0.3.
Bivariate information
Assume now that the price differential and the local temperature deviations from long term trends are observed by the decision maker. x t is now multivariate (here bivariate). Assume that the first component, x 1t of x t , measures the local temperature deviations from long run averages while the second component, x 2t , measures the log price differential between the variable-price and the fixed-price contracts.
Because our data covers a short period of time, the households are assumed to believe that the process which describes the evolution of the local climate is independent of the state of the world which describes the evolution of the log price differential.
we can decompose the likelihood P [x t |S, X t−1 , t] in terms of the product of the marginal density for the temperature information contained in x 1t , f 1 (x 1t |x 1,t−1 ), and of the conditional density of the log price differential, f 2 (x 2t |S, x 2,t−1 , x 1,t , x 1,t−1 ):
The log-likelihood ratio for the observation of x t at time t then takes the simpler form:
which depends only on the conditional densities given each state of the world of the log price differential. Obviously, this does not mean that the history of the local temperature at time t is irrelevant. The model suggests that it matters in so far as it is able to help predicting current prices and therefore enters the conditional densities, f 2 (x 2t |S = 1, x 2,t−1 , x 1,t , x 1,t−1 ).
To extend the model specification we discussed in the univariate case, assume that the bivariate process X t ≡ (x 1t , x 2t ) is described by a state contingent triangular VAR(1) model of the form:
with µ 1 ≡ µ − , µ 0 ≡ µ + , ρ k1 ≡ ρ k− , ρ k0 ≡ ρ k+ , for k = 1, 2. We assume that the innovations t ≡ ( 1t , 2t ) are conditionally normally distributed given the past information, X t−1 . Hence, given the information about the realisation of the temperature x 1t at time t, the distribution of x 2t remains normal. However, in general the parameters which define the conditional distribution will depend on the state. Consider the form of the variance covariance of the innovation given the state of the world and the past information:
where σ 2 2,S is the variance of the innovation in the definition of x 2t given the state of the world. ω S is the correlation between the innovation given the state of the world. We set σ 21 ≡ σ 2− , σ 20 ≡ σ 2+ , ω 1 ≡ ω − , ω 0 ≡ ω + . In general, we assume σ 2− = σ 2+ and ω − = ω + . This specification guarantees that the variance of x 1t is independent of the belief of the state of the world, while the conditional expectation and the conditional variance of 2t given 1t will depend on the belief of the state of the world:
Given the state of the world, the history X t−1 and x 1t , the conditional expectation of x 2t takes the form:
where˜ 2t is a normally distributed innovation with conditional variance equal to V[ 2t |S, X t−1 , 1t ].
The last expression collects the composite terms into state dependent parameters (denoted by˜). The above equation shows that even in the normal case the conditional densities f 2 (x 2t |S, x 2,t−1 , x 1,t , x 1,t−1 ), for S = 0, 1, are described in general by parameters which depend on the state of the world (if σ 20 ω 0 = σ 21 ω 1 , the conditional mean is state invariant, although the conditional variance may still be state dependent).
The log likelihood ratio takes the form:
Adding additional information, here the information about temperature x 1t , modifies the conditional mean for the price differential x 2t without modifying significantly the conclusions reached in Section 2.3 or 2.4. Further algebra (of the kind we report earlier) will give expressions for the log-likelihood ratio similar to the one we discuss in Equation (18). In particular, we can show that there are regions of the space (x 1t−1 , x 2t−1 , x 1t , x 2t ) such that the log likelihood ratio is positive, i.e., that supports the belief that the state of the world is S = 1, and that over such region the log-likelihood ratio can be increasing or decreasing with the current price differential observation
Data
The data used in this paper originates from the customer database of Skellefteå Kraft, one of the bigger electricity retailers in Sweden (see www.skekraft.se). The source material has been anonymized and identification of households is not possible. We use a sub-set of this data, consisting With data on households from only one supplier out of many in Sweden, there is the obvious risk that the data used in this paper is not representative of the Swedish population, and that the results cannot readily be generalized to households choosing between electricity contracts from other suppliers. However, the Swedish electricity retail market is typically thought of as a competitive market, and retailers are expected to offer similar contract terms (e.g., Damsgaard et al. (2005) and Brännlund et al. (2012) ). In that sense, the decision to remain on a variable-price contract or switch to a fixed-price contract within Skellefteå Kraft should be relatively similar to the corresponding decision within other retailers.
The data includes detailed household-level information about the current electricity contracts, prices per kWh, electricity consumption in kWh, geographical location and housing type (villa or flat). Unfortunately, the customer database lacks any household-level information about income and other household characteristics and only includes socio-economic information at the zip-code level using census data with figures from 2014 for annual per-capita income, family size, age and education level. 10 For the whole of Sweden, the average number of persons in each zip-code is 918, allowing for precise neighbourhood matching with census data. Matching individual-level data with zip code-level data is frequently used in economics, including residential electricity demand (Borenstein (2012); Ito (2014) Note: Prices are excluding transmission, green certificate and taxes, which are independent of contract choice.
seasonally adjusted (by postal area in the case of temperature), and since price and temperature data is available from 2006, the seasonally adjusted variables may be thought of as deviations from the long-run monthly average price and temperature. Descriptive statistics of the variables used in the empirical application are found in Table 1 , and the seasonally adjusted monthly temperature for Stockholm and Umeå is illustrated in Figure 5 .
The variable price per kWh is lower than the corresponding fixed price, as expected, because households on the latter type of contract pays a premium to avoid monthly price variability: the average price difference is sixöre/kWh. In addition to the price per kWh, households pay for transmission, green certificate and taxes, which are independent of contract choice. These costs amounts to roughly 50öre/kWh, plus a fixed annual transmission fee varying between 1500 and 15000 SEK depending on the required amperage.
Roughly 80 percent of the households in the sample are living in flats. For the Swedish population, the corresponding figure is less than 50 percent. One explanation to the large share of flats in the sample could be that variable-price contracts may be more common for flats. Electricity consumption is highest for electrically heated villas, as expected, and smaller for non-electrically heated villas and flats, and the electricity usage levels are comparable to those reported by, e.g., the Swedish Energy Agency (see www.energimyndigheten.se/en). The relatively large standard deviations illustrate variation in electricity usage across seasons, with average electricity demand during winter being substantially higher than during summer. Since temperature, income, age, family size and university are zip-code level averages, these variables obviously corresponds to population figures. Relating to the previous discussion on electricity demand being similar before and after a switch, we compare the percentage change before and after a switch to the percentage change between any other months in our data, and cannot reject the null hypothesis that the percentage changes are equal. This confirms the idea that consumption should be more or less identical before and after a switch. However, we do find a significant difference in percentage change in costs (price times quantity) before and after a switch compared to the percentage change between any other months. are somewhat more such transitions after periods of positive price differentials compared to periods of negative price differentials.
The proportion of households remaining on variable-price contracts over time is illustrated in Figure 7 , where we illustrate the survival function for households on variable-price contracts using the Kaplan-Meier estimator. Evidently, the survival function drops rather quickly, but becomes rather flat after roughly 15 months. Comparing with the number of transitions per month in Figure   6 , we observe many transitions in the beginning of the sample, where the households in the sample have spent a relatively short time on the variable-price contract. Obviously, the difference between the survival function depicted in Figure 7 and the model outlined in this paper is that the latter allow us to condition the survival probability on distinct histories of information, thereby allowing us to understand the sensitivity of the probability of remaining on a variable-price contract to variation in the price and temperature histories.
Finally, the number of new variable-price contracts per month ("Entries") varies between 70 and 243. Since households start their variable-price contract at different points in time, they face different histories of prices. This variation in price histories, together with the variation in temperature across location, insures the identification of the parameters of the model.
Estimation and Results

Estimation
For each household i we observe a history of choices, D t , a history of the realisation of the variables measuring the information available to decision makers up to time T i , X t , as well as the variable describing the household initial conditions, z 0 , i.e., we observe (D T i , X T i , z 0 ). The specification of the probabilities we provided earlier allow for a simple expressions to the individual contributions to the (conditional) likelihood:
where the vector θ collects all the parameters of the model. From this expression, calculating the sample log-likelihood is straightforward. The information vector describing the initial conditions, z i0 , includes building type (electrically heated villa, non-electrically heated villa or flat), income level, family size (more than two persons or not), education (university degree or not) and age. The log price price differential (log of variable price divided by fixed price) and temperature information is defined relative to their monthly averages (at the postal area level for temperature).
The normality assumption of the conditional distribution in either state of the world which we focus on is useful since it leads to expressions for the log likelihood ratio which are linear in the statistics of the data. Hence the log odds ln o t , which is a (weighted) sum of log likelihood ratios, is itself a linear form of the statistics of the data x 1t , x 2t and their squares x 2 1t , x 2 1t−1 , x 2 2t , x 2 2t−1 , and cross products x 1t x 2t , x 1t x 1t−1 , x 2t x 2t−1 , x 1t x 2t−1 , x 1t−1 x 2t etc... The distributional parameters which characterise the conditional distribution in each state of the world determine the function of the parameters, i.e. of the form ∆[
, for each particular statistics that enters the log odds. The scale of these parameters itself is in general not identified since the contribution of the log odds to the probability to keep a flexible price contract is scaled by π 1 . In our applied work we do not attempt to recover the distributional parameters from the estimated parameters. Hence the parameter θ includes as well the parameters of the initial characteristics and the parameter of the trend and of the information discounting. Table 2 summarizes estimation results for the different specifications, including the number of parameters, the estimated trend and discount, the log-likelihood, AIC and BIC. The complete list of parameter estimates for all specifications can be found in the Appendix in Tables 3 and 4 . Evidently, both the log-likelihood and the two information criterion suggest a better fit for the heteroskedastic specifications than for the homoskedastic specification, and that including trend and discount further improves the model fit in all cases. For each specification Table 2 reports the estimated values for the trend and the discount parameters. These parameters are precisely estimated in all cases. While the discount rate is measured close to unity in all cases, the parameter estimates for the trend vary between specifications and is negative with the most complex specification. In a first approximation we interpret the parameter of the trend as the parameter κ 0 in Equation (5).
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When κ 0 is negative, the decision maker scales down the posterior odds she reached at the end of period t towards zero to produce her prior odds at the start of period t + 1 . If we interpret the parameter estimate in the last column as κ 0 = −0.467 this amounts to scaling down the posterior odds by 0.63. Together with the estimated discount rate, the results for the last specification suggest that decision makers forget past evidence and systematically downplay the information in favour of variable prices by a considerable factor. Note: i) The table report maximum likelihood estimates based on the maximisation of expression (28) on the information in the sample. All specification accounts for the same initial characteristics. The number of parameters in the model of the log-likelihood ratio is reported in the second row.
ii) Columns 1-3 report on the estimation results for the univariate homoskedastic model of the log likelihood ratio (described in Equation 15 ) where the information is the log price differential only. Column 4-6 report results for the univariate homoskedastic model (described in Equation 15 ) where the mean log price differential at time t depends on the local temperature deviation from monthly means. Column 7-9 report results for the bivariate heteroskedastic model (described in Equation 27) where the information is both the log price differential and the temperature deviations from monthly averages. We report separately the estimates of the trend and discount parameters and their standard errors (in parentheses).
iii) The number of observations refer to the number of individuals × months observed in the sample.
iv) The log-likelihood statistics, Akaike's and Schwarz's Bayesian information criteria statistics are reported for each model. While a larger log-likelihood suggests a better fit, a smaller value of either information criteria suggests a better model. The information criteria penalize the fit with the number of parameter used.
The estimated parameters of the log likelihood ratio are not straightforward to interpret. This is true in particular for the heteroskedastic models where there are many higher order and interaction terms. We argue that a more constructive way to understand the results is to produce survival functions for distinct price levels which illustrate the behaviour of the model to distinct histories of prices. The original parameter estimates can be found in the Appendix in Tables 3 and 4 .
Duration analysis
The probabilities for a household to switch from a variable-price contract to a fixed-price contract exactly at time τ , or after time τ , given a history of information X τ , are
with
The last two expressions show the relationship between the conditional exit probabilities we discuss in Equation (8) and the probability that an exit from the variable-price contract takes place after or exactly at some time τ . Current, future and past probabilities to leave a variable-price contract are related, and we must have:
since
That is, at any time t either the household keeps the variable-price contract or exits it (to a fixed-price one).
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The discrete survival function given in Equation (30) describes the survival probability up to time t given a specific history X t of the information. Denote P(X ) the sequence of survival probabilities given a complete history of information X from t = 1 to t = +∞, that is:
where the second expression stresses that the t th probability of P(X ) depends on the history up to time t only. Clearly each element of P(X ) is a probability, and furthermore, Equation (31) implies that the sequence is (weakly) decreasing. Hence, we can consider the expected sequence of survival probabilities, P, over all possible histories of the information:
Direct examination of the elements of P(X ) suggests that the t th element of P can be expressed as:
We can therefore use the parameter estimates of our to construct an estimate of P provided that we describe the data generating process which creates the histories X . Figure 8 illustrates such a construction for the homoscedastic model which accounts only for the history of price differentials and where the log odds are determined according to the modified Bayesian updating procedure we describe in Equation (5). To obtain the figure, we estimate a simple time series model on the observed history of the (deseasonalised log of the) variable prices (see appendix for more details). In this case, the simplest model takes the form of an AR(1) model.
We then calculate the standardised residuals. We set the fixed price to 50öre/kWh and we draw from the residuals independently and with replacement an alternative history of the variable price 13 In a more realistic version, the discussion should account for exits to neither type of contract, i.e., the firm could loose the contract altogether to a competitor innovations which we use together with the estimated model to generate an alternative history of the variable price from July 2009 until June 2014. Hence, the variable price and fixed price together allow us to generate an alternative history of the price differential. Figure 8 shows the effect of several (fifteen) such possible alternative histories on the survival probabilities (the dotted lines), as well as the average over all possible histories of the survival probabilities (the continuous line).
A first thing to notice is that the shape of the survival functions in Figure 8 all resembles the shape of the Kaplan-Meier survival function in Figure 7 . In particular, there is a rather sharp decrease in the survival probability for short durations, and the survival function thereafter becomes almost flat. However, it is noticeable that distinct histories of the price differential yield a considerable range of the proportion that survive with a variable-price contract after sixty months since it ranges from below 40% to more than 80%. It is the timing of large positive shocks to the price differential during a particular history which determines variation to the proportion remain with a variable price contract. If the large shocks arise early, the proportion of survivors is larger than if the large shocks arise later in the history.
In Figure 9 we repeat the same exercise for different fixed prices (i.e., draw 250 histories for the variable price process, and generate the price differential given the fixed price, and then average over the conditional survival probabilities). The fixed prices we observe in the raw data range between 38 and 69öre/kWh. However, we observe in Figure 1 that at the start of our sample period (June 2010) the fixed price rise from about 50 to 65öre/kWh (February 2011) and decreases continuously thereafter to reach 40öre/kWh by the end of our sample. The latest entry in our sample takes place in January 2012 when the fixed price was back at 50öre/kWh. Hence we let fixed prices vary between 50 and 65 in increments of 5öre since the observed entries to flexible price contracts arise only over that range.
Again, we note that the shape of the survival functions resembles the shape of the KaplanMeier estimator in Figure 7 , but that there is substantial variation across different histories of prices. Further, over that range of fixed prices, the survival probabilities are ordered: given the data generating process that generates the variable price, a lower fixed price generates a sequence of smaller survival probabilities. Furthermore, the model suggests that much of the effect on the survival probabilities of changing the fixed price takes place between 50 and 60öre/kWh. There is an effect above 60öre/kWh but it appears less pronounced.
We repeat the same procedure and we generate the average survival sequence when the history of information contains the price differential and the temperature deviations from the household local monthly average. Hence, we estimate a time series model of the (log of the) variable price which conditions on last month variable price as well as on the current and the previous month deviation from the local temperature average (for the calculation presented this model is estimated assuming the household is located in Umeå). From the standardised residuals of this model, keeping the history of the local weather to its observed values, we generate alternative histories of the variable price. Together with each distinct value of the fixed price, we can then use the more elaborate model of switching to a fixed-price contract (which accounts for the history of the price differential and the history of temperature with the model of modified Bayesian updating) to generate the probabilities of survival with a variable-price contract. Figure 10 shows the result of these calculations for an average household, i.e., a household at the sample mean for z 0π0 experiencing the temperature history of Umeå. As in the earlier simulation experiment, the sequences of survival probabilities are broadly convex functions of the contract time. The regular non-convexities to the survival probabilities that we observe in all cases reflect the (yearly) seasonal shocks to temperature. Furthermore, the survival functions for the distinct fixed prices are ordered and, as expected, show more response when the fixed price is small (50 ore/kWh ) than when it is close to the maximum observed in the sample (65öre/kWh). Five years after contracting, less than seventy five percent of households still remain with a variable-price contract if the fixed price is set 50öre/kWh, while more than ninety percent would still have a variable-price contract if the fixed price is set at 65öre/kWh. The more elaborate specification used here therefore suggests that the switching process responds differently to changes of the fixed price than the switching process derived from the homoscedastic model relying only on the price information. Relative to Figure 9 , Figure 10 shows that the survival rates are more responsive to a price increase at higher prices (55 or 60) than to a price increase at the price of 50.
Conclusions
In this paper, we explore how sensitive the timing of transition away from the variable-price contract is to current and past prices. As far as we are aware, this paper is the first to explore this question for the choice between electricity contracts. To that effect, we propose a model for time series of binary decisions which allow for the dependence on the history of prices, or more generally a history of information. The model is consistent with the conventional decision theoretical framework. Compared to a less elaborate model which would rely only on current prices, our model illustrates how a potentially long sequence of past information, (in our case, prices and temperature) summarised into a parametrised log-likelihood ratio, can determine the choice to alter contract choice at any moment. This capture in a simple fashion the intuition that a decision maker needs to be convinced by observable facts before she agrees to change her mind about her current contract. We show furthermore that maximum likelihood estimation of the parameters of the decision model is feasible.
We provide several novel insights: First, we illustrate that whether recent evidence (i.e., the current price) favours the state of the world when the variable-price contract is preferable to the fixed-price contract (in the sense that it increases the posterior odds that S = 1) is not obvious, and that it depends crucially on the values of the autoregressive parameter in the price process.
Therefore, it is not necessarily the case that households interpret higher variable prices as evidence of fixed-price contracts being more favourable. Our model suggests this to be the case irrespective of whether households believe that the autocorrelation coefficients and the variance of the innovation depends on the state of the world.
Second, we find that households do respond to new information, and that the seemingly small response to the price differential in the population may be a result of the characteristics of the process. In particular, we illustrate how alternative price histories may result in a substantial number of transitions. For example, in the homoskedastic specification, roughly seventy-five percent of households would still have a variable-price contract after sixty months if the fixed price is set at 50öre/kWh, while ninety percent would still have a variable-price contract if the fixed price is set at 65öre/kWh. The heteroskedastic specification (when the autocorrelation coefficients and the variance of the innovation depends on the state of the world) produces an even larger range of the proportion of households that remain on a variable-price contract after sixty months. The results also illustrate that most of the response to prices occur after a relatively short time, and that after the survival function is almost flat for longer durations. ential (by changing the level of the fixed-price) to increase or decrease the switching rate, if that is beneficial to the retailer. However, such pricing strategies may have effects on customer churn that obviously need to be accounted for.
From a policy perspective, the finding that households do respond to prices by switching between contracts suggest that switching between contracts is an important margin of price responsiveness which should be accounted for when evaluating demand response for residential electricity demand.
Although the switching rate appears to be small in the population, it may be substantial for alternative price processes, as already noted. In particular, the ongoing change in the production mix of electricity generation in the Nordic market, with an increasing share of intermittent generation, will most likely result in alternative price processes with more volatile prices, and possibly also changes in the price levels. The response to such alternative price processes may have substantial effects on the composition of share of households on each type of contract, which can have important policy implications: For example, if households to a larger extent switch to fixed-price contracts, this will reduce the overall response to short-run variation in the availability of electricity because these households then face no price-per-kWh variation.
The results in this paper, while novel and plausible, suffer from a few data-related drawbacks.
In particular, the limited geographical variation in the sample calls for some caution when extrapolating the results to the entire Swedish population. The lack of variation at the household level for some socio-economic variables, and in particular temperature which, our study suggests, contains important information, is an obvious drawback of the data. On the other hand, many of the household characteristics are typically fixed in the short run, and should therefore have little effect on the the timing of transitions between electricity contract. Standard errors in parentheses * p < 0.05, * * p < 0.01, * * * p < 0.001 Table 4 Parameter estimates for specifications with heteroskedastic information Standard errors in parentheses * p < 0.05, * * p < 0.01, * * * p < 0.001 ii) The Q-test statistics tests the null hypothesis that the residuals is the realisation of a white noise process.
We test the first 10 autocorrelations.
